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Abstract

Skyline query is a recommendation algorithm used to select objects based on multi-attribute
preferences, but a key challenge is that its results can be highly imbalanced, where only a
small number of objects meet the preferred criteria. This imbalance reduces the reliability of
spatial decision-making, including in flood vulnerability assessment. This study addresses
the issue by applying a modified Sort-Filter Skyline method that considers maximum and
minimum attribute preferences during sorting. The skyline output shows a strong class
imbalance, with only 18 areas identified as flood-prone compared to 1,574 non-flood-prone
areas. To mitigate this, K-Means clustering is used as a refinement step. The Elbow and Gap
Statistic methods recommend three clusters as optimal, while the Silhouette method suggests
eight. Cluster distribution analysis shows that three clusters produce a more balanced
representation, with Scheme 1 and Scheme 3 showing better balance ratios and lower
variation than Scheme 2. Thus, clustering into three groups helps achieve a more
representative mapping of flood-prone areas.
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1 Introduction

High rainfall intensity, lowland topography, and interregional river flows are key
factors that increase vulnerability to flooding. Therefore, flood potential identification
plays a crucial role, not only in mapping high-risk areas but also in providing a foundation
for disaster mitigation planning, strengthening community resilience, and setting local
intervention priorities. By applying data-driven vulnerability analysis, utilizing both
tabular sources and information from online news, flood potential mapping can provide a
more comprehensive picture of the risks faced while also contributing to global agendas

on disaster risk reduction and sustainable development [1].
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The search and recommendation of optimal locations for various case studies can
be performed using a skyline query [2], [3]. Skyline query works by examining the
dominance of each factor associated with an object or location [4], [5]. In the context of
disaster management, particularly floods, Skyline Query can be applied to evaluate
locations based on multiple attributes such as elevation, rainfall, land slope, and land
cover [6], [7]. In data science, the function of a skyline query is to narrow the search space
so that the computational time required to identify relevant objects can be optimized [8],
[9].

Skyline Query is effective in selecting the most relevant information, ensuring that
the recommended results align with predefined preferences. For instance, in the case of
flood disasters, a skyline query may recommend areas with the lowest elevation, the
highest rainfall, and/or the flattest slope [7]. This dominance testing results in only a small
number of areas being labeled as flood-prone compared to those classified as non-flood-
prone [10], [11]. Consequently, the recommendations lead to imbalanced data.

Data imbalance, one of the outcomes produced by a skyline query, presents a
significant challenge in classification tasks. Ideally, the knowledge derived from data
classification should come from a dataset with balanced labels, ensuring that no particular
label disproportionately influences the model [12], [13]. The imbalance resulting from
skyline queries can be addressed by applying clustering-based rebalancing, in which data
is grouped into several clusters according to the number of clusters determined or
recommended [14].

One of the most popular and widely used clustering algorithms is K-Means, which
partitions data into groups based on their proximity to cluster centers (centroids). K-
Means is advantageous due to its high computational efficiency and its ability to handle
large-scale datasets [15], [16]. One approach to addressing data imbalance is by
determining the appropriate number of clusters in K-Means. Several well-established
methods for recommending the optimal number of clusters (K) include the Elbow,
Silhouette, Davies-Bouldin Index, and Calinski-Harabasz methods [17]. Study [18]
evealed that the two most effective methods for optimizing K are the Elbow and
Silhouette approaches, both of which recommended the same K value in the case of

disaster data clustering.
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Based on the imbalanced data problem generated by the skyline query algorithm,
this study proposes a solution to address the issue. The first objective of this research is
to apply the skyline query algorithm to recommend flood-prone areas. The second
objective is to implement K-Means optimized using the Elbow and Silhouette methods.
The data clustered with K-Means will form several new groups according to the number
of clusters determined. The level of data balance will then be measured based on the

difference in the number of objects within each cluster.

2 Material and Methods

Studi Area and Research Data

The study area in this research covers several regions in Central Java Province,
including Batang, Blora, Boyolali, Demak, Grobogan, Jepara, Karanganyar, Kendal,
Klaten, Magelang City, Semarang City, Kudus, Magelang, Pati, Rembang, Semarang,
Sragen, Sukoharjo, and Temanggung. These regions are identified as frequently
experiencing flood events according to data from National Disaster Management Agency
(BNPB). This research consists of several stages: data acquisition, dominance testing
using the skyline query algorithm, application of K-Means clustering, and visualization
of data distribution.
Data Acquisition

Some of the data acquired in this study include administrative boundaries,
elevation, land cover, slope, and rainfall. Administrative boundary data were obtained
from the Geospatial Information Agency (BIG) and then filtered to select only a number
of sample regions. Elevation and slope data were sourced from National Digital Elevation
Model (DEMNAS), which are in raster format and therefore required several
preprocessing steps to generate appropriate classes and weights. Rainfall data were
collected from multiple weather stations located in Central Java Province, with the values
from each station interpolated across the entire study area. Another critical dataset for
identifying flood-prone areas is land cover, which helps determine land use within the
study area. The smaller the proportion of infiltration areas in a region, the higher its flood

risk [19].
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Data Integration

In the data integration stage, all datasets were standardized into the same coordinate
reference system and clipped using the administrative boundaries as the study area
reference. Elevation and slope data from DEMNAS were reclassified to form analysis
classes with assigned weights. Rainfall data from multiple weather stations were
interpolated to produce a continuous rainfall surface. Land cover data were simplified
into broader categories relevant to flood assessment. Finally, all processed layers were
combined through spatial overlay to form a single integrated dataset for analysis.
Dominance Testing using Skyline Query

This study applies a modified Sort-Filter Skyline (SFS) algorithm. In terms of
performance, SFS is faster in recommending an object as part of the skyline set because
it performs sorting in advance [20]. The modification introduced in this research involves
adjusting the formula when an attribute preference is set to minimum, allowing the
recommendation results to better align with the criteria for flood potential. The

modification can be seen in line 2 of Algorithm 1.

Algorithm 1. Res-Q
Input: Dataset D
Output: The Set of skyline points of D
I: D «if (“D[ai]= minimum preference”) then

2: 1 — normalize D[ai]
3: else
4: normalize D[ai]
S: end if
6: E(D) « calculate entropy of D[ai] using (3)
7: D « sort dataset by descending DJ[ai]
8: S « data with the highest entropy D
9: From1toD

10: if (“D 1s not dominated”) then

11: write (S, D)

12: else

13: remove (S, D)

14: end if

15: end
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The modification is applied during the normalization process, as normalization
directly affects the entropy calculation. Entropy is one of the values used to determine
whether an object is more highly recommended or not. When the attribute preference is
set to minimum, smaller values should be considered more preferable; therefore, the
normalization formula must be inverted. This adjustment appears in line 2 of Algorithm
1, where minimum preference uses reverse normalization. For example, regions with
lower elevation are more likely to experience flooding, which represents a minimum
preference condition. Conversely, maximum preference is applied when higher values
indicate greater flood potential, such as regions with high rainfall intensity, which is
processed using the normalization shown in line 3.

Clustering using K-Means Cluster

K-Means works by partitioning data into several groups initialized with a
predefined value of K (the number of clusters) [21] [22]. Each cluster contains data with
similar characteristics, as similarity is measured using the Euclidean distance formula. In
this study, the determination of the optimal number of clusters (K) was carried out using
the Elbow, Gap Statistic, and Silhouette methods [23].

Visualization of Data Distribution

The areas belonging to each cluster were visualized in the form of histograms to
observe the data distribution within each cluster. Data balance was assessed by measuring
the difference in the number of members across the formed clusters. To determine
whether the data distribution was balanced or not, the Coefficient of Variation (CV) was

employed.

3 Results and Discussions

Data Acquisition
The study area of this research covers several regions in Central Java Province. The
regions presented in Fig. 1 are identified as having a high flood potential based on data

from National Disaster Management Agency (BNPB).
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Figure 1. Study area

Dominance Testing using Skyline Query

The dominance test using the skyline query identified 18 regions as flood-prone,
while 1,574 regions were classified as low potential. The imbalance between these two
categories is highly significant. The distribution results are visualized in the histogram in

Fig. 2, which clearly illustrates the frequency differences between classes.
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Figure 2. The results of the dominance test
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Clustering using K-Means Cluster

The data clustering was carried out under three scenarios, following the approaches
used to determine the most optimal value of K. The K recommendations based on the
Elbow and Gap Statistic methods are shown in Fig. 1 (a)-(c). Both the Elbow and Gap
Statistic methods suggested an optimal K of 3, while the Silhouette method recommended
a K value of 8.

The variation in the recommended number of clusters comes from the different
principles used by each evaluation method. The Elbow method, shown in Fig. 3(a),
identifies K = 3 because the decrease in the sum of squared errors becomes noticeably
smaller after that point, meaning additional clusters do not add much explanatory value.
The Gap Statistic in Fig. 3(b) also points to K = 3, as this value gives the largest separation
between the actual data clustering and the reference distribution, indicating that three
clusters capture the most meaningful structure in the dataset. Meanwhile, the Silhouette
method in Fig. 3(c) suggests K = 8, as this configuration provides the highest average
silhouette score, reflecting clusters that are more compact and clearly separated. The
Silhouette method tends to detect finer patterns in the data, which is why it favors a larger

number of clusters.
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Figure 3. The recommendation results of the methods are as follows: (a) Elbow; (b)

Silhouette; (c¢) Gap Statistic.
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Thus, choosing between K = 3 or K = 8 depends on the analysis objective: whether the
study prioritizes broader, more general clustering patterns, or a more detailed clustering

that highlights local differences.

Visualization of Data Distribution

The visualization of data distribution is presented in Fig. 2. Fig. 4 (a) shows the
distribution when the number of clusters K=3, which corresponds to the recommendation
from the Elbow and Gap Statistic methods. Meanwhile, Fig. 4 (b) illustrates the
distribution resulting from K-Means clustering with K=8. Each scheme was evaluated to
determine the degree of balance in cluster membership using the balance ratio and
coefficient of variation (CV), as shown in Table 1.

In general, a balance ratio close to 1 and a low CV value indicate strong clustering
performance because the number of members across clusters is relatively even. The
results show that Scheme 1 and Scheme 3, which both generate three clusters, have a
balance ratio of 1.3 and a CV of 13.9%, reflecting a relatively balanced cluster size
distribution with low variation. In contrast, Scheme 2 has a balance ratio of 2.8 and a CV

of 34.8%, indicating high variation and a more uneven distribution of cluster members.
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Figure 4. Cluster membership distribution: (a) k=3, (b) k=8
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Therefore, Scheme 1 (Elbow) and Scheme 3 (Gap Statistic) demonstrate stronger
clustering performance compared to Scheme 2 (Silhouette), which is considered less

balanced. The visualization of the clustering results can be seen in Fig. 5.

Table 1. Comparison of balance ratio and coefficient of variation values

Schema Cluster Cluster Balance Ratio Coefficient of
Membership Variation (%)
Schema 1, C1 501 1.3 13.9
and Schema C2 602
3 C3 461
Schema 2 Cl 223 2.8 34.8
C2 101
C3 244
C4 103
Cs 167
Cé6 229
C7 282
C8 225
Clustering Result (K = 3) Clustering Result (K = 8)
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Figure 5. Clusterring result: (a) k=3, (b) k=8
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4 Conclusions

The analysis results indicate a data imbalance generated by the skyline query, with
18 areas identified as flood-prone and 1,574 areas categorized as low-risk. In determining
the number of clusters, the Elbow and Gap Statistic methods recommend K=3, while the
Silhouette method suggests K=8. The evaluation of cluster membership distribution
shows that Schemes 1 and 3 are more balanced compared to Scheme 2. Future research
should focus on the relevance of flood classes with spatial and environmental factors. For
machine learning applications, it is recommended to apply imbalance handling techniques
such as SMOTE or cost-sensitive learning, along with ensemble algorithms, to improve

model accuracy in identifying the limited number of flood-prone areas.
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